Electric vehicle (EV) has been popularized and promoted on a large scale because of its clean and efficient features. Charging this increasing number of EVs is expected to have an impact on the electricity grid and traffic network. Therefore, it is necessary to model and forecast the EV charging demand. Most of the existing researches have not utilized real-world traffic data to analyze the EV charging demand. Few researches have considered and analyzed the characteristics of space-time transfer of charging load in urban functional areas. As an emerging mode of transportation, however, online ride-hailing trip data provide an ideal source for analyzing traffic planning and operation. On the basis of this, a charging demand forecasting model of EVs based on a data-driven approach was presented in this paper. In this methodology, it is firstly assumed that residents' transportation trip demand is not restricted by vehicle categories(electric or fuel vehicles). The original trip trajectory data of Didi online ride-hailing were conducted to model via data mining and fusion. And the process of data analysis included region-scope selection, spatial grid modeling, trajectory data mapping, retrieval data identification and urban functional area clustering as well as traffic network modeling. Through modeling and processing, the following regenerative feature data were obtained: functional regional division (i.e., residential areas, industrial areas, commercial areas, and public service areas), trip rule distribution (i.e., temporal distribution and spatial distribution on weekdays, weekends and holidays) and actual driving path (i.e., driving path with the shortest distance or with the minimum time-consuming). And then, considering the movable load feature of EVs, vehicles were subdivided into three kinds such as private vehicles, taxis and other public vehicles, and the single EV model with driving and charging characteristic parameters was established. Furthermore, the regeneration data obtained from modeling and analysis along with the determined single EV model were supported as data sources and model for the charging demand forecast architecture. At last, the actual urban traffic network in Nanjing, China was selected as an example to design the path planning experiments and charging demand load experiments in different scenarios. The results demonstrate that this proposed model is able to realistically simulate the actual dynamic driving process of EVs, and effectively predict the spatial-temporal distribution characteristics and load transfer trends of charging demands in different date type as well as different functional areas. The model also lays a theoretical foundation for the subsequent research on investment and construction of charging facilities, as well as charging control and charging guidance of EVs.
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The kth-type POI retrieval data points in the ith grid With the adjustment of the world energy industry structure and people's constant attention to environmental issues, the environmental pollution and reliance on resources of fossil fuels caused by the development of automobile industry are all challenging concerns of the present world.
Several research results show that automobile exhaust emissions are the main source of urban air pollution [1] , especially PM2.5. According to statistics, automobile exhaust emissions account for 31.1 % of local PM2.5 emissions, ranking it first among all pollution sources [2] . In 2018, China's dependence on foreign crude oil increased to 70.9 %, which is estimated to exceed 75 % by 2030, posing a major risk to China's energy security [3] .
Alternative fuel vehicles, especially the plug-in electric vehicles (PEVs), are considered as an emerging solution to these aforementioned challenges, and thus providing an attractive perspective of transportation sectors and power departments. According to the Guidelines for the Development of Electric Vehicle Charging Infrastructure issued by the National Development and Reform Commission of China in 2015 [4] , the total number of EVs in China is expected to be 5 million by 2020. As of the end of 2017, the sales volume of EVs reached 777,000, a year-on-year increase of 53.3 %, and the number of EVs in possession exceeded 1.7 million [5] .
However, the driving and charging behavior of large-scale EVs in urban road network will inevitably interact with the integration of transportation networks and power grids simultaneously [6] . Resident trip rules, urban road network structure and charging facility distribution affect the vehicle driving distribution and charging decision-making, whereas the vehicle battery characteristics, driving path selection and energy supply mode affect the traffic network unobstructed degree and power grid operation state [7] , [8] . Therefore, the model that accurately depicts the spatialtemporal distribution characteristics of EV charging demand load should be developed, which is the premise and basis for analyzing the fusion and interaction among EVs and power grids as well as transportation networks all together.
At present, various studies have developed EV charging demand models and evaluated the impacts of large-scale EV charging. In [9] , [10] , the National Household Travel Survey data published by the U.S. Department of Transportation were analyzed, which assumed that EVs and fuel vehicles have the same travel rules. The probabilistic models such as the travel starting and ending time, daily travel mileage and charging characteristic were established via distribution fitting, and Monte Carlo Sampling was utilized to estimate the EV charging load.
Further, on the basis of the NHTS database, two studies [12] , [13] determined the spatial-temporal distribution characteristics of EV charging loads by performing the same sampling method analysis, which combining the EV ownership at different stages and the vehicle charging demand features in different functional areas, and subdividing the vehicle into different types according to their functional uses. Ul-Haq et al. [14] also established an EV charging demand model based on the NHTS data, who more detailedly considered the influence of owners' driving intention and charging price on charging demand.
Although the above works have established charging demand prediction models at a macroscopic level, they can describe the spatial-temporal scale distribution characteristics of charging loads. However, the characteristic parameters such as trip demand, charging duration, and charging location, etc are all set as fixed values. Considering only the load characteristics of EVs, but the randomness of their movements is neglected, which is susceptible to traffic factors during driving journeys.
Hence, Guo et al. [15] comprehensively addressed the interactive relationship among EVs and the Power System Control Center (PSCC) together with the Intelligent Transportation System (ITS), and proposed a charging navigation architecture integrating grid information and traffic information. The load distribution of each fast charging station was anticipated via simulating EV dynamic driving process, which recommended the suitable charging station for vehicles needing recharging.
Besides, these researchers [16] [17] [18] adopted Traffic Trip Chain theory to track EV dynamic driving process. Tang and Wang [16] established a spatio-temporal model of moving EV load based on random trip chain and Markov decision process (MDP), and assessed the impacts on charging demand of grid nodes and traffic nodes due to the time-spatial distribution of moving EVs. Tao et al. [17] utilized Monte Carlo method to draw the trip chain of an EV with all-weather driving, and developed a charging demand prediction probability model to evaluate the negative impacts of charging load on the power grid under different actual scenarios. Wang and Infield [18] allocated a dynamic trip chain for each EV in a region through Markov chain Monte Carlo (MCMC) approach, simulated vehicle travel and charging behaviors, and proposed a dynamic charging demand model to analyze the uncertainty of charging effects.
In addition, several studies [19] , [20] used Origin Destination(OD) analysis method to simulate the stochastic dynamic characteristics of EVs. Chen et al. [19] utilized OD matrix analysis method to plan the driving path for logistics EVs, considered the constraints of transportation cost and trip cost, and solved the value of vehicle charging demand load through a mixed integer programming optimization model. Luo et al. [20] coupled with EV driving process in traffic topology and EV charging process in distribution network topology to construct a Vehicle-Road-Grid fusion system. In this fusion system, road network nodes and power network nodes were mapped by OD matrix, so that the grid charging load distribution and the traffic network flow status could be predicted. Under the framework of Vehicle-Road-Grid system, others researchers [21] , [22] considered the influences of road network topology, traffic flow model as well as EV's motion parameters and charging parameters on the charging load distribution, and assessed the power flow operation characteristics of distribution network in different driving paths and charging scenarios.
Alternatively, Su et al. [23] proposed a dynamic evolution model of EV time-spatial distribution through Agent-Cellular Automata theory, and used Dijkstra algorithm to plan the optimal driving path, so as to forecast the distribution characteristics and evolution trends of charging demands. Huang et al. [24] proposed to track the vehicular driving situation by obtaining actual operation data from the traffic side, and predicted the charging load operation curve using a bottom-up analysis method with big data. However, the methodology only proposed an architectural assumption, but lacked of using measured data for theoretical verification.
In summary, the established charging load models are more consistent with the feature of EV movable load, which considering the connections and synergies between traffic and power grid factors. Fortunately, with the improvement of the interconnection and interoperability of actual data, it is worth noting that the model analysis based on real-world data is closer to the actual charging load operation. Accordingly, researchers [25] , [26] used the historical load data as the basis of data mining and analysis, established a probabilistic model of EV parking lots, and accurately identified EV charging demands through ARIMA-based forecaster. A recent study [27] took original driving data of taxis in Shenzhen, China to extract resident trip rules, and combined OD matrix analysis method to predict the charging load trend of urban functional areas. In [28] , the real-time traffic flow of roads was collected by utilizing traffic network video surveillance data from the Korean Transportation Department, which established a fast charging demand model to calculate the quantity of recharged EVs arriving at the fast charging stations located in traffic nodes. In [29] , the Swedish GIS data was applied to cluster urban functional zones, and proposed a spatial Markov chain model to estimate the charging profile for the charging stations based on the nearby building types. On the other hand, a study [30] relied on the PIM project in the UK to obtain the original data of EV travel and charging, identified the charging demand characteristics in different regions through data mining, and evaluated the potential risks of charging load to distribution network. According to [31] , based on the data of expressway flow and vehicle travel mode in the UK, the location and capacity of charging stations were studied through the analysis of fast charging demand hotspots.
Therefore, this paper started with the data-driven aspect to mine and analyze Didi online ride-hailing trip dataset, and proposed a charging demand prediction model for EVs. The first step was to conduct data modeling for the original Didi trip dataset, and obtain the regenerative feature data such as functional regional division, trip rule distribution and actual driving path via the data mining and fusion technology. And then, a single EV model was established considering the movable load characteristics of EVs. This model respectively adopted OD matrix analysis method and power battery modeling method to determine EV's driving characteristic parameters and charging characteristic parameters. Furthermore, the regenerative feature data acquired from mining analysis together with the single EV model were combined to construct the model architecture of EV charging demand prediction. At last, three groups of path planning experiments and four groups of calculation examples of EV charging demand loads in different scenarios were designed to verify the implementation effect of the proposed model.
Compared with past studies, the contributions of this paper include the following:
1) This study introduced Didi online ride-hailing trips data into the field of EV charging demand modeling. Compared with the taxi data-based modeling method, the data redundancy and data cleaning complexity are reduced. It provides a data-driven analysis method for the interaction of electric vehicles with power grids and transportation networks.
2) By mining and fusing the open-source trip dataset, we can directly acquire the original data and rules needed such as residents' trip distribution, traffic OD matrix as well as actual driving routes, and solve the difficulty of obtaining actual traffic data.
3)The selection and setting of driving and charging parameters for EVs are more in line with the actual operation. Moreover, the differences in charging demand and load transfer characteristics between regions are deeply studied, which paves the way for follow-up work of charging guidance and impact assessment.
The remainder of this paper is organized as follows: In section II, the Didi online ride-hailing trips original dataset is described. In section III, we use the technology with data mining and fusion to analyze the above data sets. The single EV model is presented in section IV. In section V, the EV charging demand forecasting model is established. In section VI, path planning experiments are designed. Case studies are presented in section VII to illustrate the effectiveness of our proposed model. Finally, section VIII concludes this paper with a summary of our findings.
II. ORIGINAL TRIP DATASET
As the carrier of transportation, the distribution of travel rules of EVs directly affects the driving decision and charging requirement. Accordingly, it is vital to utilize the existing data to reasonably mine the trip rule of urban residents in modeling and predicting EV charging demand.
A. DATA DESCRIPTION
This study adopted the 'GAIA Open Dataset' provided by Didi Technology Co.,Ltd.'s Smart Transportation Big Data platform(https://www.gaia.Didichuxing.com) for data analysis and processing.
Through applying from the official website, we obtained part of Didi online ride-hailing trips data sets from June 1st, 2016 to June 31st, 2016 in Nanjing, China.
These data sets contain a total number of 31 data packets in days, with an average sampling interval of 3 seconds, and include 474,590 trip data.
The main data formats are shown in Table 1 , and an example of trip data is shown in the Appendix ( Table 5 ). From Table 1 , it is clearly shown that the trip timeconsuming, trajectory GPS positioning data, real-time velocity and Point of Interest (POI) information in each order can be obtained directly.
Because most of Didi online ride-hailing are able to provide 'point-to-point' trip services, the spatial distribution of trip data is basically consistent with the actual distribution of pick-up and drop-off location.
Therefore, compared with taxi trip data, there are many shortcomings such as high empty load rate and redundant data [32] . The online ride-hailing trip dataset used as floating vehicle acquisition technology is more accorded with resident trip distribution rules.
B. DATA PRE-PROCESSING
In order to eliminate the noise interference existing in the original data, it was necessary to pre-process the original data. The specific processing steps are as follows:
(a). Data cleaning: The singular points in the process of data transmission and recording were removed, such as the data set field was empty, order trip distance was less than 500 m, order trip time-consuming was 0 h and average travel velocity was 0 km/h or more than 120 km/h, etc.
(b). Coordinate transformation: The Didi trip data was positioned in the GCJ-02 coordinate system, whereas the electronic map in this paper was plotted in the WSG-84 coordinate system. Thus, given the different coordinate systems, it was necessary to perform the coordinate transformation to achieve accurate map matching and display. The sitting system transformation equation can be referred to [33] .
C. DATA VISUALIZATION
Since our research mainly focused on the analysis of spatiotemporal distribution field information of the trip dataset, the required data were visualized after data preprocessing. Figure 1 shows the display result for the daily trip volume in June imported into Matlab.
Furthermore, the longitude and latitude coordinates of the trip departure points and arrival points(OD data points) after the coordinate transformation were imported into DataMap to draw the distributions of origin(starting) and destination(ending) points. The distributions of OD data points are exhibited in Figure 2 .
As revealed by Figure 1 and Figure 2 , in general, the original quantity of trips in the temporal distribution rule presents a certain periodicity according to the different date types(weekdays, weekends and holidays). In addition, the distribution of trip space hotspots is mainly concentrated in the urban zone, whereas the distribution of the urban fringe zone is less. However, more detailed regenerative feature data should be further studied.
III. TRIP DATA MINING AND FUSION A. DATA MINING AND MINING FUSION METHOD
Data visualization cannot intuitively depict the resident trip rules in-depth, so it needs to be analyzed by the technology with data mining and fusion, the specific structure is shown in Figure 3 .
From Figure 3 , the mining and fusion analysis steps based on the trip data are as follows:
(a). Region-scope selection Most urban online ride-hailing trips are within middle and short distance which are mainly concentrated in the urban central areas. Alternatively, in order to reduce the data processing dimension, the selected research area scope is between longitude (East): 118.7412-118.8249 and latitude (North): 32.0234-32.0633, and the selected area is approximately 48.8 km 2 , and the circumference is approximately 27.9 km. The trip trajectory data points beyond this scope will not be considered. (b). Spatial grid modeling As regards the discrete and discontinuous characteristics of spatial-temporal distribution for the original trip data, so that the spatial grid modeling was utilized to centralize and process according to the traffic planning theory [34] . In other words, the selected traffic plane was uniformly divided into different spatial grids as the research area based on a spatial scale.
However, the reasonable selection of the spatial scale has a direct impact on the effect of grid modeling. If the spatial scale selection is too large, it will cause the OD points of a large number of orders to be distributed in the same per unit grid then generate invalid order data, conversely, the data points in the per unit grid will be distributed too few, and there will be more invalid empty segment grids. Therefore, the spatial grid modeling method is as follows:
1) the spatial grids divided into different spatial scales are numbered as:
where: u represents the spatial division scale, which range is u = [50, 500], and the scale interval is 50 m. C u (i) represents the ith grid number at a spatial scale u, and a total number of m grids are obtained.
2) the effective data volume of per-unit grid in a spatial scale can be calculated by:
where: P u (i) and Q u (i) denote the number of effective OD points and the number of effective orders in the ith grid at a spatial scale u, respectively. After calculation, when u reached 300 m, the maximum value of R u was 33.91. Therefore, the region was divided to obtain a total number of 598 grids using 300m×300m square unit grid as the unit scale.
(c). Trajectory data mapping After data pre-processing, the order trajectory data points were mapped to the spatial area of grid modeling, and each trajectory data point is expressed as:
where: j indicates the trajectory data set for the jth order, j = 1, 2, 3, · · · N , N = 433258, x Further, through screening out all N first and last data points in the trajectory data , the OD point set distribution of the departure and arrival position points can be obtained as follows:
where: S o and S d respectively represent the trajectory point set of the starting point O and ending point D.
(d). Retrieval data identification POI (Point of Interest) data refers to the geographical location point with entity information [35] . The POI retrieval data of Didi trip orders are encoded by five-digits, among that the first two are the first-level category, respectively representing residential areas, commercial areas, industrial areas, public service areas, road facility areas and green-land square areas from 01 to 06, and the last three are the second-level category representing corresponding to physical content of functional area. Thus, this paper applied the POI retrieval data to identify and distinguish the trajectory points belonging to which specific functional area type:
1) At first, the POI numbers of per type of starting point set S o and ending point set S d distributed in the grid C u (i) are counted:
where: I k i represents the total number of the kth-type POI in the ith grid, k = 1, 2, 3 . . . , J , J = 6; p o (i, m, k) and p d (i, n, k) respectively represent the mth starting point and the nth ending point belonging to the kth-type POI in the ith grid.
2) Then, the number of POI types in the grid C u (i) can be counted:
where: T i represents the total number of POI types in the ith grid, and q(i, k) represents the kth-type POI retrieval data points in the ith grid.
In the light of (6), the proportions of POI data points in various functional areas were calculated as follows: residential areas 31.54 %, commercial areas 25.31 %, industrial areas 23.60 %, public service areas 15.76 %, road facilities areas 2.34 %, and green-land square areas 1.45 %, respectively. It can be seen from the analysis that the first four types of functional areas account for up to 96.21 %, however, due to the latter two types of sample data are too few, this paper mainly focuses on the first four types for the following functional area clustering research.
(e). Urban functional area clustering On the basis of POI retrieval data statistics, the trip demand and functional area characteristics of adjacent grids have a certain similarity, so the time serial-based feature analysis method [36] was adopted to perform correlation clustering combination on the regional grids: 1) First, the Pearson Correlation Coefficient of trip volume for any two adjacent grids C u (m) and C u (n) with time-series changes is expressed as follows:
where, X t m and Y t n stand for the trip volume of the two adjacent grids C u (m) and C u (n) in time period t, respectively.
2) Second, the Jacquard similarity coefficient φ mn and cosine similarity ξ mn of POI retrieval data for grid C u (m) and grid C u (n) are respectively calculated by (9) and (10):
where: U m stands for the vectors composed of POI retrieval data points I k m in grid C u (m); U n stands for the vectors composed of POI retrieval data points I k n in grid C u (n). 3) Lastly, the similarity ϕ mn of the two adjacent grids is judged by threshold calculation (11) as:
where: α, β and θ represent the similarity coefficient, respectively. The default reference values referring to experimental results in [36] are: α = β = θ = 0.5 and ϕ mn = 0.75, that is, when ϕ mn ≥ 0.75, the adjacent grids can be merged. Therefore, all the grids were traversed to complete the grid clustering.
(f). Traffic network modeling Transportation network bears all the trip requirements, which is the basis of route planning and navigation. We obtained the selected area road network vector map from OpenStreetMap open source website (https://www.openstreetmap.org), in that graph analysis method was utilized for modeling the traffic network:
where: G represents traffic network; V represents the set of all nodes in graph G, namely, the set of traffic nodes; E represents the set of all directed arcs in graph G, namely, the set of sections in a traffic network; W represents the set of road segment weights, namely, road impedance which can be quantified by using trip length, trip time and trip cost, etc.
B. DATA MINING AND FUSION RESULTS

1) FUNCTIONAL REGION DIVISION
Through the identification and correlation analysis of POI retrieval data, the clustering results of selected functional areas are shown in Figure 4 . As depicted, 598 grids in the area are merged into 66 residential areas, covering an area of 12.32 km 2 , 44 commercial areas, covering an area of 9.54 km 2 , 38 industrial areas, covering an area of 14.44 km 2 and 38 public service areas, covering an area of 7.59 km 2 .
2) TRIP RULE DISTRIBUTION a: TEMPORAL DISTRIBUTION OF TRIP RULE
From the analysis of Figure 1 above, it can be seen that the original trip volume exhibits a certain periodicity depending on date types. Therefore, the trip volume of all orders was compared and analyzed according to the difference of date types, and the average trip volume distribution for each time period in different date types is shown in Figure 5 .
As revealed by Figure 5 , on the whole, the trip peak time range of different date types occurs during 9:00-10:00 and 19:00-20:00, but the trip volume on weekdays are significantly more than that on weekends and holidays, with an average of over 24.57 % and 36.78 %. On weekdays, the trip volume decreases significantly from 12:00 to 13:00, whereas on weekends and holidays, the trip volume decreases relatively gently. The reason is that this time period is mainly for lunch and rest, and weekends and holidays have more free time to be allocated than weekdays.
Further, in the light of date types, the temporal distribution rules of departure time t j 1 of set S o and arrival time t j n of set S d in each functional area were calculated, and the results are illustrated in the Appendix (Figure 20) , as depicted in the figure:
Residential areas: The weekday departure peak time range occurs during 7:00-9:00, and the return peak time range occurs during 17:00-19:00, whereas the departure and return time ranges on weekends and holidays are postponed.
Commercial areas: The peak time range of arriving at this region on weekdays is from 19:00 to 20:00, and the temporal distribution of weekends and holidays is roughly the same, which the peak time range is concentrated in 12:00-13:00 and 19:00-21:00.
Industrial areas: The peak time range for residents to arrive at this region is from 8:00 to 9:00, and the peak time range to leave is from 17:00 to 19:00 on weekdays. The trip distribution on weekends is similar to that on weekdays, but the amount of trips is slightly less than that on weekdays, whereas the trip volume of holidays is significantly less than that of weekdays and weekends, which is mainly caused by the resident commuting rules.
Public Service areas: The second-level category of POI data in this area mainly includes stations, medical treatments, sports, leisure and other service-oriented institutions, so the number of trips on weekends and holidays is significantly more than that on weekdays, and the fluctuation of trips is obvious. Combined with Figure 20 and Figure 21 , it can be indicated that: For weekdays, this period is the peak time for residents travel to work, so the regions with a high density of trip volume at the starting and ending points are residential areas and industrial areas. For weekends and holidays, the overall trip volume has decreased, and the high-density regions with starting-point trip volume are both residential areas. However, the high-density regions with the ending-point trip volume on weekends are industrial areas and public service areas, whereas that on holidays are commercial areas and public service areas.
In view of the above analysis, the characteristics of trip volume distribution should be differentiated and analyzed depending on the differences in date type and functional area.
3) ACTUAL DRIVING PATH
The traffic network model of the third-grade and above roads in this scope was built. The traffic network topology structure is shown in Figure 6 . and the road basic planning data is referred to the OpenStreetMap website. As depicted, there are 588 traffic nodes and 456 road segments in this area scope.
On the basis of road network modeling, in order to analyze the actual driving process of vehicles in detail, the trajectory routes of all orders between the initial traffic node v 169 and the destination node v 566 were selected for research. The thermodynamic distribution of the actual paths was obtained via trajectory mapping, as shown in Figure 7 .
As revealed by Figure 7 , the closer it gets to the starting and ending nodes, the denser the trajectory points are. Among all the routes, the driving through frequencies of the first, second and third road grade account for 43.89 %, 35 .67 % and 20.44 % respectively, that is, the higher the road grade is, the higher driving through frequency will be.
Afterwards, the trip time-consuming distribution of the above orders in each time period is shown in Figure 8 . From Figure 8 , it can be seen that even if at the same starting and ending point, the trip time-consuming still has dynamic fluctuation due to different route choices in each time periods, and the fluctuation range in the daytime is larger than that in the night. Among them, the largest time-consuming periods are distributed in 9:00-10:00 and 18:00-19:00, and the difference between the slowest timeconsuming and the fastest time-consuming of this two time periods are 1466 s and 992 s, respectively.
Thus, there are road preferences and real-time dynamic characteristics in the actual route selection and driving rule.
IV. SINGLE EV MODEL
As discussed in Section 2, the mining of resident trip rules has completed by the analysis of online ride-hailing trip data. In this section, a single EV model will be established to investigate the movable load characteristics of EVs.
A. TYPES AND QUANTITIES OF EVs
According to the current development status of EVs in China as well as the driving characteristics and charging characteristics of EVs with different functions [5] , this paper divided EVs into the following three kinds:
1) Private vehicles: The initial location for these kinds of vehicles is located in residential areas. On weekdays, they are mainly used for residents to work and commute, the starting and ending points are mainly distributed in residential and industrial areas, and the commuting time range is mainly concentrated in the morning and evening trip peak. Moreover, the driving route is relatively fixed and the charging mode is generally slow charging at the destination.
2) Taxis: The initial location for these vehicles is distributed in residential and commercial areas, and their starting and ending points are random, with more trips and unfixed driving routes. The charging mode is mainly emergency fast charging
3) Other public vehicles: They mainly include official vehicles, business vehicles and functional vehicles (i.e., logistics vehicles and sanitation vehicles), etc. Their initial location is mainly located in industrial, commercial and public service areas, whose destination is not fixed, and the number of trips is more than others. The charging mode combines slow charging at destination with emergency fast charging.
Electric buses are not included in the research because of their specific trip rules and dedicated charging location.
According to the 'Implementation Plan for Promotion and Application of New Energy Vehicle in Nanjing during the 13th Five-Year Plan', combined with the clustering results of functional areas and the proportion of various kinds of EVs [1] , [22] , a total number of 23,780 vehicles were introduced, including 11,890 private vehicles, 7,134 taxis and 4,756 other public vehicles. The specific number of vehicles in each functional area is shown in Table 2 . 
B. EV DRIVING CHARACTERISTICS
In the previous paper, the OD set with spatial and temporal distribution of resident trips was obtained by data mining, so OD analysis method was adopted to describe the dynamic driving process of EVs as follows:
For each EV introduced in this area, it's departure location D o (i) and arrival location D d (i) are assigned from the OD set S o and S d via Monte Carlo Sampling [17] :
where: i = 1, 2, 3, . . . , n e , i denotes the introduced vehicle number.
2) EV travel time-consuming T l (i) can be obtained from the departure time t j 1 and arrival time t j n :
3) The route with the most frequent orders traveled from departure location x j 1 , y j 1 to arrival location x j n , y j n is selected as the actual driving path, and the actual path set is represented as:
C. EV CHARGING CHARACTERISTICS a: BATTERY PARAMETER MODEL
According to the statistical results of the EV classification database [22] , the battery capacity C p for each kind of EV obeys the normal distribution shown in (16) or the gamma distribution shown in (17) as follows: (17) where: u p and σ represent normal distribution parameters, α and β represent gamma distribution parameter, the specific parameter can be found in [22] . In this paper, the State of Charge (SOC) at the first trip time was defined to obey the normal distribution N (0.8, 0.1) [17] , so the initial battery capacity of each EV C O (i) can be generated by combining with (16) and (17) .
b: POWER CONSUMPTION PER-UNIT KILOMETER MODEL
Based on the measured data of driving conditions of EVs, Song et al. [37] and Yao et al. [38] established a dynamic power consumption model of EVs per-unit kilometer in different grades traffic roads ε h m , as follows:
where: ε 1 m , ε 2 m and ε 3 m are the EV per-unit kilometer power consumption of the first, second and third grade road, respectively, V T v pq represents the average velocity of the road segment v pq during the time period T , which can be calculated by (19) :
where: V r v pq represents the GPS instantaneous velocity of the rth trajectory passing through the road segment v pq during the T time period.
c: CHARGING DEMAND JUDGMENT
The remaining battery capacity C t (i) at time t is obtained by (20) : (20) where: x pq represents the path decision variable, if the vehicle is driving on the road segment v pq , x pq = 1; otherwise x pq = 0, l v pq represents the length of this road segment.
The charging demand is generated by judging the remaining battery capacity C t (i):
1) Private vehicles: These kinds of vehicles are mainly used for resident daily commuting and trip. When a vehicle arrives at its destination, if C t (i) fails to meet the next trip distance, the charging demand will be triggered:
where: L td (i) represents the distance that an EV drives from current location D t (i) to destination location D d (i).
2) Taxis: The charging mode is mainly in the form of fast charging, when C t (i) is lower than the setting threshold value, the charging demand will be triggered:
where: ε is the owner's range anxiety coefficient, uniform distribution ε ∼ U [0.15, 0.3] [21] , that is, when the charging demand is triggered, the vehicle drives to the nearest fast charging pile to recharge.
3) Other Public Vehicles: Given their characteristics of high mobility, when C t (i) satisfies (15) , slow charging at the destination will be adopted, otherwise, fast charging at the nearest location will be adopted according to taxi charging method.
d: CHARGING POWER OF DIFFERENT FUNCTIONAL AREAS
According to QC/T 841-2010 'Electric Vehicle Conductive Charging Interface', charging facilities are classified as Level 1(L 1) slow charging power, Level 2(L 2) conventional charging power and Level 3(L 3) fast charging power. Therefore, this paper deployed destination slow charging powers: residential areas were (L 1) 3.5 kW, other functional areas were (L 2) 7 kW. And L 3 charging facilities were distributed in all functional areas except residential areas, whose charging powers were 50 kW.
e: CHARGING DURATION
The charging duration of a slow charging vehicle at destination T s (i) is as follows:
where: η c represents the charging efficiency, the range of value is 0.8-0.9, P k c represents the destination charging power in the kth-type function area, and t j+1 1 (i) represents the next departure time of a vehicle.
For the factors such as charging waiting time and charging cost, etc, not all vehicles with fast charging demand choose to fill up their batteries [26] . Thus, f c represents the SOC value at the end of charging, normal distribution f c ∼ N (0.85, 0.3) , and the charging duration of fast charging T f (i) is determined:
Finally, the total charging demand load of the selected area P c (t) is calculated by (25) :
where: D k denotes the number of the kth-type functional areas; n e (t) denotes the number of EVs at time t; µ denotes the charging status mark of the ith EV in grid block d k belonging to the k-type functional areas, which is marked as 1 when charging, otherwise is marked as 0.
V. EV CHARGING DEMAND FORECASTING MODEL
The results of trip data mining and the single EV model were combined to analyze the distribution rules of EV charging demand loads, and the forecasting model framework is shown in Figure 9 : 1) Introduce a certain scale of EVs into the clustering merged functional areas, and generate driving and charging characteristic parameters for each EV through Monte Carlo sampling.
2) Based on the established traffic road network, each EV completes the journey with the most frequently used route between OD points as the actual travel route;
3) Real-time monitor of charging characteristic parameters, judge whether charging demand triggers or not, and select fast or slow power supply mode according to the generated demand. 4) Calculate the regional vehicle charging load, and analyze the spatial-temporal distribution characteristics of charging demand in different scenarios.
VI. PATH PLANNING EXPERIMENTS
The actual trip path is the key factor for vehicle driving and charging, therefore, this section designed the path planning experiments.
Firstly, without considering the trigger of vehicle charging demand, we only validate the effect of path planning. Figure 10 shows nine groups of actual paths with traffic nodes v 169 as starting points and different endpoints in different time periods of a typical weekday.
From Figure 10 , the actual route selection is real-time and dynamic, and the driving routes with the same OD point in different trip time periods are not entirely consistent, because trip route decision-making is affected by road traffic congestion factors.
Meanwhile, for comparison with Actual Path (AP), Dijkstra Path planning algorithm [23] was introduced to search the road segment weight W . Shortest Length Path (SLP) Dijkstra method: The search weight is w ij = l pq , that is, to plan the driving path with the shortest distance as owner's goal. And also, Shortest Time Path (STP) Dijkstra method: The search weight is w ij = t pq , that is, to plan the driving path with the minimum time-consuming as owner's goal, where t pq = l pq /v pq , and v pq is available from (19) . The search results are shown in the Appendix (Figure. 22) , where the abscissa numbers 1-9 correspond to the numbers of nine groups of OD pairs, respectively.
Combed with Figure 10 and Figure 22 , among the results of distance search, the difference between AP, STP with SLP is the smallest during 02:00-03:00, due to this time range is the off-peak of traffic trips. AP exceeded SLP by 21.56 % on average, and STP exceeded SLP by 24.78 % on average. From 15:00 to16:00 is the flat hump time period of traffic trips, the difference between them is the next, AP exceeded SLP by 28.15 % on average, and STP exceeded SLP by 31.77 % on average.
From 07:00 to 08:00 is the peak time period of traffic trips, and the difference between them is the largest. AP exceeded SLP by 32.15 % on average, and STP exceeded SLP by 35.66 % on average.
Among the results of time-consuming search, the difference between AP, SLP with STP is also the smallest during 02:00-03:00, with AP and SLP exceeding STP by 25.75 % and 28.89 % on average, respectively, followed by 15:00-16:00, which exceeding 35.57 % and 37.55 % on average, and the largest difference during 07:00-08:00, which exceeding 38.18 % and 42.89 % on average. As the distance between OD points increases, the errors also increase, and the error of time-consuming search results is greater than that of distance search results. During the three time periods, the results of time-consuming exceed 34.81% on average, while the results of distance exceed 29.01 % on average, which indicates that the impact of time-consuming on the results is greater than that of distance in the process of path search.
Further, in order to study the preference of actual driving path selection, Figure 11 depicts the coincidence ratio of SLP, STP and AP in each time period. Similarly, the highest coincidence ratios of STP, SLP and AP are 82.31 % and 77.10 % during 02:00-03:00, followed by 15:00-16:00, with the coincidence ratios of 59.44 % and 52.56 % respectively, and the lowest during 07:00-08:00, with the coincidence ratios of 55.00 % and 48.70 % respectively.
It implies that the less the traffic flow is, the better the AP can plan the route with the goal of distance or timeconsuming. On the whole, SLP and STP do not coincide with AP completely, which shows that the actual trip route is neither the shortest distance nor the least time-consuming, but a compromise choice between them. And also, the average coincidence ratio of STP (65.58%) is higher than SLP (59.45%), which indicates that the owner prefers to choose the trip time-consuming as the goal of path planning than the trip distance.
VII. CASE STUDIES AND ANALYSIS
In order to verify the actual effect of the above trip data and EV model, this section designed four groups of different charging scenarios, and analyzed the load distribution characteristics of EV charging demand.
A. CHARGING DEMAND LOAD IN FUNCTIONAL AREAS
Firstly, with the time interval of one hour, the distribution of vehicles with triggering charging demand for the whole day in different date types was counted, and the results are shown in Figure 12 .
As revealed by Figure 12 , on weekdays, the average number of charging vehicles in residential areas is the largest, reaching 416.12 vehicles, followed by industrial and commercial areas, 328.45 vehicles and 297.68 vehicles, respectively, whereas charging vehicles in public service areas are the least, only 228.56 vehicles.
On weekends and holidays, the zone with the largest average number of charging vehicles is still residential areas, with 443.58 vehicles and 399.87 vehicles, respectively. The zone with the least number of weekends is the public service areas (217.45 vehicles), and the zone with the least of holidays is the industrial areas (198.75 vehicles).
In residential areas, the peak of vehicles with charging demand on weekdays occurs during 19:00-20:00, reaching 1,278 vehicles, and the peaks on weekends and holidays occur during 21:00-22:00, reaching 1078 vehicles and 997 vehicles, respectively.
In industrial areas, work commuting is the main trip demand, and the number of charging vehicles on weekdays and weekends is significantly more than that on holidays, with an average increase of 45.56 % on weekdays and 35.78 % on weekends.
In commercial and public service areas, however, residents are mainly for entertainment and leisure trips, so the number of charging demand vehicles on weekends and holidays is more than that on weekdays.
Hereafter, we assumed that the charging facilities in each functional area could meet all the vehicle charging requirements, and took 15 mins as the simulation step to calculate the charging demand of all functional areas in each date type. The load time distribution is shown in Figure 13 .
From Figure 13 , on the whole, the temporal distribution of charging demand load in each functional area is not balanced, and the peak-valley distribution of load is consistent with that of traffic volume.
For residential areas, charging facilities only consider L1 slow charging. The charging load of each date type is lower than that in other areas, the peak load is distributed in the form of double peaks, and the peak time periods are concentrated around 12:00 and 21:00. The peak-valley differences of the three date types are 5.15 MW, 5.49 MW and 4.22 MW, respectively. Due to the fact that residential areas use mainly slow charging at the destination, the charging load at night is higher than that at daytime.
For commercial areas, the charging load peak period of each date type spans a long time, mainly concentrated in 10:00-22:00. Because residents traveling to these areas as their destinations mainly concentrates in the evening, the load peak is mainly distributed between 19:00 to 21:00, and the load peaks of each date type are 13.56 MW, 14.98 MW and 17.69 MW, respectively. The load on holidays and weekends are higher than that on weekdays, with an average load exceeding 17.89 % and 23.46 %, respectively.
For industrial areas, the charging loads on weekdays and weekends are distributed in the daytime working hours, mainly concentrated in 9:00-17:00, whereas the other time periods are fewer loads, and their load peak-valley differences fluctuate greatly, with 11.02 MW and 10.46 MW, respectively. Owing to the reduction of commuting on holidays, the load is obviously lower than that on weekdays and weekends, and the load demand is mainly brought by the passing fast charging vehicles.
For public service areas, the load distribution is the same on weekends and holidays, and the load peak periods are 13:00-15:00 and 19:00-21:00. Moreover, both of them are higher than that on weekdays, with an average exceeding 42.78 % and 35.15 %. Figure. 14(a) and Figure 14 (b) respectively exhibit the spatial distribution of charging demand load during 10:00-11:00 and 19:00-20:00 on a typical weekday.
As depicted, it can be indicated that: The zone with the largest spatial distribution of charging load during 10:00-11:00 is industrial and commercial areas, followed by residential areas, and at least is public service areas. Among them, the commercial block has a peak load of 1.19 MW, and the residential block has a valley load of 0.49 MW. From 19:00 to 20:00, the charging load zone is mainly concentrated in residential and commercial areas, whereas the other two zones are less distributed. Among them, the peak load zone is a commercial block with 1.18 MW, and the valley load area is an industrial block with 0.37 MW.
B. CHARGING DEMAND LOAD WITH DIFFERENT PATH PLANNING METHODS
Secondly, EV path planning objectives were respectively replaced with the shortest distance and the minimum timeconsuming, and the total charging load of the region under each path planning objective was compared, as shown in Figure 15 . From Figure 15 , the total charging load of STP in each time period is higher than that of AP and SLP. This is because STP takes the minimum time-consuming as its goal, and in order to maximize the benefits of time, there is a certain detour phenomenon, which will increase the EV driving power consumption. Whereas SLP aims at the shortest distance, so the total charging load is the least, and the average total charging load of STP, AP and ALP are 24.56 MW, 18.45 MW and 13.3 MW, respectively.
In addition, during 11:00-22:00, the previous analysis shows that the path planning in this period is greatly affected by traffic factors, and different target search routes have obvious differences, which gives rise to the difference of the power consumption of EV travel path differently. Accordingly, the overall load distribution of each route is quite different, the average difference load between STP and SLP is 17.56 MW, whereas the rest of periods are less affected by traffic factors, and the average load difference between them is only 2.56 MW.
C. CHARGING DEMAND LOAD WITH DIFFERENT CHARGING FACILITY SERVICE RATES
And then, due to the current popularity of charging facility and economic factors, the vehicle-pile ratio cannot meet the charging requirements of all vehicles at the same time. Thus, Service Rate (SR) was introduced in this research, namely, the ratio of the number of charging facilities in the region to the peak number of vehicles for charging demand. Under the conditions of SR of L1 charging power versus SR of L2 and L3 charging power, we mainly designed examples to analyze the transfer and change of charging loads. The peak distribution of charging loads in each functional area under different SR conditions is shown in Figure 16 .
Further, Figure 17 depicts the specific peak charging demand load when SA of L1 is 10%, 20%, 30% and 40% respectively. Meanwhile, Table 3 shows the increase or decrease of charging load peak in different areas for each 1% change of SR.
Residential areas Commercial areas
Industrial areas Public service areas From Figure 16, 17 and Table 3 , for residential areas, as a whole, with the increase of L1's SR, the load peak grows gradually, with each 1 % increase of SR, the load grows by 0.14 MW, whereas with the increase of L2 and L3's SR, the load peak decreases gradually, and the load decreases by 0.08 MW for each 1 % increase of SR.
Since only L1 charging facilities are distributed in residential areas, the slow charging mode at destination plays a decisive role in this area load distribution, whereas improving the charging facility service rate in other areas, can transfer part of charging load in this area and then reduce its peak load.
Similarly, for commercial areas, with the increase of L1's SR, the peak load is approximately unchanged, whereas with the increase of L2 and L3's SR, the peak load grows obviously, which grows by 0.21 MW for each 1 % increase of SR. It indicates that the charging facility service rate in residential areas has little influence on the charging load of commercial areas, whereas the charging load in this functional area is mainly affected by L2 level conventional charging and L3 fast charging.
For industrial areas, with the increase of L1's SR, the peak load decreases, for each 1 % increase of SR, the load decreases by 0.11 MW, whereas for each 1 % increase of L2 and L3's SR, the peak load grows by 0.19 MW. It implies that due to commuting factors in residential and industrial areas, increasing the residential areas' charging facility service rate can reduce part of the load burden, whereas L2 and L3 charging power have a greater impact on this area load than that of L1.
For the public service areas, there is no obvious rule for the influence degree of L1's SR on this area. However, for each 1 % increase in L2 and L3's SR, the load peak grows by 0.18 MW, which demonstrates that L2 and L3's SR have a certain influence on the load of this functional area.
D. CHARGING DEMAND LOAD WITH DIFFERENT FAST/SLOW CHARGING RATIOS
Finally, the impact of L2 and L3 charging facility ratios on charging loads in the functional area was further studied. Similarly, Fast or Slow Charge Ratio (FSCR) was introduced, namely, the ratio of the number of L3/L2 charging facility to the peak number of vehicles for charging demands. Similarly, the peak distribution of charging loads for each FSCR is shown in Figure 18 . Figure 19 exhibits the specific peak charging demand load when Slow Charge Ratio(SCR) is 75%, 70%, 65% and 60% respectively. And, Table 4 shows the increase or decrease of charging load peak in different areas for each 1% change of FSCR. From Figure 18,19 and Table 4 , on the whole, since the fast charging power is far larger than the slow charging power, with the same proportion of increase, the fast charging demand contributes more to the charging load in corresponding to functional areas than slow charging demand. With the increase of fast charging ratio, the peak charging loads in commercial, industrial and public service areas grow. For each 1 % increase in fast charging ratio, the peak charging loads of the above areas grow by 0.46 MW, 0.32 WM and 0.26 MW, respectively. It demonstrates that the fast charging demand has the greatest influence on the load in the commercial areas and the least influence on the public service areas.
On the contrary, with each 1 % reduction in the slow charging ratio, the peak load of industrial areas presents a decreasing trend, and the peak load decreases by 0.13 MW, whereas the loads of commercial areas and public service areas do not change significantly, which implies that the load level in industrial areas is controlled by both slow charging demand and fast charging demand. For all regions, the peak loads respectively grow by 0.35 MW and 0.21 MW for each 1 % increase in fast and slow charging ratio, and the impact of fast charging ratio on the load is higher than that of slow charging ratio. VOLUME 7, 2019 Therefore, deploying reasonable service level and proportion of charging facilities can effectively alleviate the pressure caused by the unbalanced distribution of charging loads of large-scale EVs.
VIII. CONCLUSION
In this paper, a data-driven approach was proposed to anticipate the EV charging demand, via the mining of Didi trip data and the modeling of the single EV.
Through the modeling and analysis of the original Didi trajectory data, the regenerative characteristic data such as distribution of resident trip rules as well as traffic planning and operation were effectively excavated. And the dynamic driving process and random charging behavior of EVs were also analyzed to develop the single EV model. The effectiveness of the proposed method was verified via the path planning experiments and the spatial-temporal distribution experiments of EV charging demand loads in different scenarios. The most important results and main contributions of the proposed model are as follows.
1) There are obvious differences in the distribution characteristics of resident trips according to the types of dates and the features of functional areas. The trip demand on weekdays is more than that on weekends and holidays. And the traffic volume mainly concentrates in the morning and evening rush hours, whereas the volume is significantly reduced at night. The selection of actual driving paths is real-time and dynamic, and the owner takes the minimum trip time-consuming and the shortest trip distance as the comprehensive goal for path planning.
2) The distribution of trip rules affects EV driving and charging characteristics. The charging demand load shows unevenness in temporal distribution, and has regional features in spatial distribution. On the whole, the peak charging demand load of each region appears in the morning and evening commuting rush hours, and overlaps with the peak traffic hours. The number of trips in commercial and industrial areas distributes more, so the charging demand load is higher than that in residential areas and public service areas under different date types. Traffic factors have impacts on the route selection of EVs, the larger the proportion of driving distance in the goal of path plannings is, the higher the regional charging load will be.
3) On the one hand, the improvement of L1's SR can transfer the charging load between residential and industrial areas, but has little effect on the transfer of that between commercial and public service areas. However, when L2 and L3's SR is increased, the charging load in residential areas decreases, whereas that in other areas grows gradually. On the other hand, with the improvement of L3's FCSR, the charging load increases most in commercial areas but least in public service areas. However, the impact of L2's FCSR reduction on charging load in commercial and public service districts can be ignored, whereas the charging load in industrial areas reduces Nevertheless, it is noteworthy that due to the privacy of data and business principles, this study only covers part of trip data in a specific city with a time span of only one month. In the future, when the scope of related data openness is wider, more massive data will help us to mine more detailed rules.
As for the EV charging part, due to space limitations, this paper does not deeply research the impact of charging power price and owner's charging willingness on charging loads, and not analyze the distribution as well as the transfer mechanism for regional loads by the charging facility ratio.
In the following work, in order to improve the accuracy of charging demand prediction, more practical factors can be considered in the process of model building and data analysis, such as environmental temperature, humidity data and investment cost of charging facilities. Besides, based on this charging demand load forecasting model, the orderly charging control strategy, charging guidance strategy as well as the impacts of charging load distribution on power grids and traffic networks might be further researched and improved. 
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